Over recent decades, substantial efforts have been made to understand the interactions between host genomes and transposable elements (TEs). The impact of TEs on the regulation of host genes is well known, with TEs acting as platforms of regulatory sequences. Nevertheless, due to their repetitive nature it is considerably hard to integrate TE analysis into genome-wide studies. Here, we developed a specific tool for the analysis of TE expression: TEtools. This tool takes into account the TE sequence diversity of the genome, it can be applied to unannotated or unassembled genomes and is freely available under the GPL3 (https://github.com/l-modolo/TEtools). TEtools performs the mapping of RNA-seq data obtained from classical mRNAs or small RNAs onto a list of TE sequences and performs differential expression analyses with statistical relevance. Using this tool, we analyzed TE expression from five Drosophila wild-type strains. Our data show for the first time that the activity of TEs is strictly linked to the activity of the genes implicated in the piwiinteracting RNA biogenesis and therefore fits an arms race scenario between TE sequences and host control genes.
INTRODUCTION
Transposable elements (TEs) are mobile sequences that can be highly abundant in genomes (1) . First described by B. McClintock in the 1950s (2), TEs have a high impact on genome dynamics, and are undoubtedly major players in genome evolution (1, 3) . Despite the increasing amount of transcriptomic data being produced for many species, very few studies have performed genome-wide analyses of the transcription levels of TEs (4) (5) (6) (7) . Such knowledge gap is partly due to the low levels of transcription of TEs in normal conditions, but also to the fact that one given TE family may be represented by several sequences, making more difficult to have an accurate idea of TE transcription levels.
In Drosophila, a category of small RNAs called piwiinteracting RNAs (piRNAs) are involved in the control of TEs in germline and somatic cells (8) (9) (10) (11) and participate in transcriptional and post-transcriptional control of TEs (12) . The disruption of the piRNA biogenesis pathway leads to TE mobilization (transcription and transposition), DNA breaks and sterility (13) . Understanding the way TE activity is regulated thus requires to have an accurate knowledge of piRNA abundances which could then be associated with TE mRNA levels. Currently, no available method is dedicated to both the analysis of TE expression and piRNA production, associated with differential expression analysis with statistical relevance, for both model and non-model species with non-annotated genomes.
Presently, one tool is available to analyze piRNAs that is based on the approach proposed by Brennecke (10, 14) . This tool is suited for the analysis of well annotated genomes. However, the methodology that is applied may lead to a loss of information. The first step consisting in a strict mapping at a unique position on the reference genome makes two strong assumptions. Firstly, retaining only reads mapping with no mismatch implies that the corresponding small RNA displays a perfect match with the regulated TE sequences. Secondly, retaining only reads mapping at unique positions when they are supposed to target repeated sequences assumes that only particular small RNA can be generated by only one given position. Other major problems are that this step completely relies on the quality of the genome sequence and assembly, and that it cannot be directly applied when a TE family is absent from the reference genome but exists in the genomes of other strains. Moreover, the association between piRNAs and the TE family is e17 Nucleic Acids Research, 2017, Vol. 45, No. 4 PAGE 2 OF 12 made by comparing the reads to TE consensus sequences and allowing up to three mismatches, which corresponds to a divergence of approximately 10%. The consensus sequence in itself represents an average sequence of a given family and may result in a sequence that is not present in the genome. A consensus will be representative of the family only if the copies used to build it are very similar, which is the case for the majority of the Drosophila melanogaster families, but it is not the case in other Drosophila genomes, such as the sister species Drosophila simulans (15) . The same is true when determining TE expression from mRNA reads.
In this article we propose a different approach implemented in the pipeline TETOOLS which is dedicated to the analysis of the TE transcriptome, and takes into account the sequence diversity at the TE copy level, using a complete list of all available TE copies from an organism. This pipeline provides quantitative information for both small and messenger RNAs, performing differential expression analyses among different samples using the DESeq2 program (16) . It can be used for non-model organisms with no annotated reference genome but for which a list of TE copies is available. When this list is not available, TETOOLS can be jointly used with a dedicated tool for TE identification from raw reads, such as DnaPipeTE (17), RepeatExplorer (18) or other TE identification tools if the genome is assembled (see as a review (19) ). The pipeline is user friendly and is available for use in Galaxy (20) .
We applied TETOOLS to explore TE regulation in D. simulans wild-type strains. In this species, TE sequences belonging to the same family are very diverse and the activity of TEs depends on the strain studied (21) (22) (23) (24) . Several hypotheses have been proposed to understand the origin and evolution of the intra-specific variability of TEs (25) (26) (27) (28) , but none has integrated in a satisfying way the high variability uncovered in genes involved in the piRNA pathway (GIPPs) (both at the DNA sequence (29, 30) and transcription levels (31)). Indeed, we propose that the natural variation of TEs is due to variability in the piRNA pathway, which evolves very rapidly and constitutes a genomic immune pathway (29) (30) (31) . We sequenced mRNAs and small RNAs in several wild-type strains of D. simulans and used TETOOLS to analyze TE expression levels and the production of corresponding piRNAs. Our results show, for the first time, a negative relationship between TE and GIPP activities and provide insights into the dynamics of TEs in their natural context.
MATERIALS AND METHODS

Biological material
Four wild-type strains of D. simulans were used; these strains originated from various regions around the world: Chicharo (Portugal), Makindu (Kenya), Mayotte (Indian Ocean island) and Zimbabwe. We also included the main source of the reference genome sequence (w501). This last strain originated from the USA and was obtained from the UC San Diego Drosophila Stock Center. Flies were kept in the lab at 24
• C in regular fruit fly medium. Thirty pairs of ovaries were dissected in phosphate buffered saline. Total RNA was extracted using the RNeasy kit (Qiagen) followed by RNase treatment (DNA free kit, Ambion). Two replicates were performed for each strain and the overall qualities were assessed using the Bioanalyzer 2100 (Agilent).
Illumina library production and mRNA sequencing
The TruSeq RNA sample Preparation v2 kit (Illumina Inc., California, USA) was used according to the manufacturer's protocol with the following modifications. Poly-A-containing mRNA molecules were purified from 1 g of total RNA using poly-T oligo-attached magnetic beads. The purified mRNA was fragmented by the addition of the fragmentation buffer and heated to 94
• C in a thermocycler for 4 min. A fragmentation time of 4 min was used to yield library fragments of 250-500 bp. First-strand cDNA was synthesized using random primers to eliminate the general bias towards the 3 end of the transcript. Second-strand cDNA synthesis, end repair, A-tailing and adapter ligation were performed in accordance with the manufacturer's supplied protocols. Purified cDNA templates were enriched by 15 cycles of polymerase chain reaction (PCR) for 10 s at 98
• C, 30 s at 65
• C and 30 s at 72
• C using the PE1.0 and PE2.0 primers and the Phusion DNA polymerase (NEB, USA). Each indexed cDNA library was verified and quantified using a DNA 100 Chip on a Bioanalyzer 2100 and then mixed equally with six different samples. The final library was quantified by real-time PCR with the KAPA Library Quantification Kit for Illumina Sequencing Platforms (Kapa Biosystems Ltd, South Africa), adjusted to 10 nM in water and provided to the Get-PlaGe core facility (GenoToul platform, INRA Toulouse, France http:// www.genotoul.fr) for sequencing. The final mixed cDNA library was sequenced using the Illumina mRNA-Seq pairedend protocol on a HiSeq2000 sequencer for 2 × 100 cycles. Each sample provided between 30 and 55 million reads (SRX1287831, SRX1287832, SRX1287833, SRX1287834 and SRX1287843).
Small RNA extraction and sequencing
Small RNAs from D. simulans ovaries were manually isolated in HiTrap Q HP anion exchange columns (GE Healthcare) as described in Grentzinger and Chambeyron (32) . Library construction and 50 nt read sequencing were performed by Fasteris SA (Switzerland) on an Illumina HiSeq 2500 instrument. Libraries from the Makindu and Chicharo strains were previously published (33) . The small RNA library of the Mayotte strain is available under the accession number SRX1287860. The poly-A tails attached to the sequence before sequencing to obtain 50nt RNA were removed using UrQt (-N A) before other analysis (34) .
Gene transcript analysis
D. simulans gene sequences were obtained from FlyBase (ftp.flybase.net/genomes/Drosophila simulans/dsim r1. 4 F B2014 03/fasta/dsim-all-gene-r1. 4 .fasta.gz). RNA-seq reads were trimmed to remove poor quality nucleotides using UrQt (-t 25) (34) and then aligned against D. simulans genes using Tophat2 (35) . Alignment counts were performed on sorted bam files using eXpress (36) , and differential expression was assessed using DESeq2 (16) .
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Nucleic Acids Research, 2017, Vol. 45, No. 4 e17 We used a 0.05 FDR threshold value for significance. All subsequent calculations were performed on the DESeq2 normalized read counts. Genetic Euclidian distance matrices were computed on the 10 samples using the R dist() function with default parameters on normalized read counts. We retrieved D. melanogaster orthologs using the gene orthologs fb 2014 06.tsv.gz file from FlyBase and used the corresponding gene IDs to obtain gene ontology data from FlyBase.
To test whether genes of the piRNA pathway (GIPPs) are more frequently differentially expressed than other genes, we randomly sampled 10 000 sets of 19 genes in the complete list of genes (because our list of GIPPs is made of 19 genes) and determined the proportion of differentially expressed genes for each set. We then compared this empirical distribution of the proportion of differentially expressed genes to the value observed for GIPPs.
TE transcript analyses
Fasta sequences of TE copies and rosette file construction. To be as exhaustive as possible concerning the identification of TE copies in the D. simulans genome, we retrieved the copies from the two D. simulans sequenced genomes. The first genome was produced in 2007 (37) and corresponded to a hybrid assembly of sequences from five different strains. The second genome was produced in 2013 (38) and corresponded to the sequencing of the majority strain (w501) present in the 2007 version. We used the RepeatMasker program (39) using a custom library of TE references to identify the hits in the genome. The sequences of each copy were obtained using the tool 'One code to find them all' (40) (sequences available upon request). The rosette file (available as Supplementary Data) was generated using the sequence names of each copy by adding a column corresponding to the TE (sub)family and a column corresponding to the TE class, which represented 36 046 copies associated with 793 (sub)families.
The TETOOLS pipeline. To determine the read count corresponding to each TE family, we used the first module of TETOOLS (TECOUNT) with the TE (sub)family column in the rosette file as the variable ( Figure 1A ). The output table from this module was used in the second module (TEDIFF) to perform the differential expression analyses ( Figure 1B ). The module TEDIFF outputs a table of TE families (or any other variables specified in the rosette file) that are differentially expressed among the various conditions/strains, as well as various graphics on the quality of the analysis and the results corresponding to DESeq2 analyses. As an example, we put on Figure 1 (C to H) the graphics corresponding to an mRNA analysis of three of our strains. Figure 1C corresponds to the model goodness of fit of the data that takes into account the within-group variability and that corresponds to the dispersion plot of the data estimates (black), the fit to a trend curve to the maximum likelihood estimates to capture the dependence of these estimates on average expression strength (red) and the maximum a posteriori estimates used in testing (blue). Figure 1D and E show the principal component analysis (PCA) of the different samples and the heatmap of the sample-to-sample distances, respectively. These two figures allow to verify that the replicates of a given sample are congruent and may also provide information concerning the grouping of the samples based on the divergence of the variable (TE family expression for example). The heatmap gives additional information over similarities and dissimilarities between samples concerning the variation of TE expression, which do not appear on the PCA. Figure 1F shows a MA plot of all samples, which displays the log2 fold changes of all TEs between all samples according to the mean normalized read counts. The TEs with an adjusted P-value < 0.1 are shown in red and correspond to the differentially expressed TEs. A heatmap corresponding to the expression levels of each variable (TE families for example) for the various samples and replicates is provided ( Figure 1G ). This allows to visualize the differences between samples and which variables are implicated. The volcano plots of all pairwise sample comparisons are provided with red dots corresponding to differentially expressed variables (TE families for example) between the two considered samples ( Figure 1H ).
Identification of ping-pong signatures.
The identification of ping-pong signatures was performed using the tool Small RNA Signatures (41) after mapping the piRNA reads from each strain onto all TE reference sequences using bowtie (42) .
RESULTS
A new approach for the automatic transcriptomic analysis of TEs
We developed TETOOLS, which is a new pipeline to perform analyses of the differential amounts of mRNAs and piRNAs from TE copies across different samples. This tool can be used to analyze factors such as different strains, conditions and tissues. This pipeline is implemented in two different modules.
The first module (TECOUNT, Figure 1A ) is a python script that performs the mapping of all reads from the RNA-seq dataset to a large list of TE sequences representing different copies, and produces a list of read counts. The use of a list of TE copies provided by the user rather than a sequenced genome or TE consensus sequences has two advantages. First, we can work with TE families not present in the sequenced genome and with non-annotated genomes. Second, the reads are more likely to map with fewer mismatches onto the TE copy than onto the TE consensus sequence (43) . This second point can be critical for piRNA analysis for which the read size is small, and a few mismatches can make a difference between mapped and unmapped reads. In contrast to other analytical pipelines, we set the mapper bowtie (42) to its most sensitive option (-best) to position the maximum number of reads along the TE copies. The parameters of the mapper are set to randomly choose a position for a read mapping at multiple positions with the same score. With these settings and a list of TE copies, we can include more reads than other approaches as they discard reads mapping at multiple positions and reads with non-perfect mapping along the genome. The higher number of reads obtained gives more power for subsequent differential expression analyses. The third input of the TECOUNT module is a rosette file that contains the names of each TE copy. This simple tabular text file can be easily built to group the TE copies by family or any other criteria (i.e. super-family, or even according to other features, such as germline or somatic cell specificity). TECOUNT produces a list of read counts corresponding to the chosen criteria in the rosette file. We stress the fact that TETOOLS uses raw counts in contrast to other piRNA analysis pipelines, which allows the system to avoid biased normalization and to lower the number of false positives for the subsequent differential analyses (44) . An option is also available to filter by size and place read counts that could correspond to siRNAs (21 nt-long reads) into a separate file. The novelty of TEtools is that it intends to integrate the TE intra-family sequence diversity that was observed in some genomes. Thus, the expected outcome is a higher number of aligned reads compared to the use of only consensus sequences, as already existing software do. However, in genomes that show low intra-family sequence diversity for TEs--such as D. melanogaster--we expect the outcomes of both tools not to be significantly different. We used TETOOLS on our dataset using a list of consensus sequences instead of the full set of TE insertions. The total number of TE aligned reads was then 20% lower to what we got using the full set of TE insertions (2 175 381 versus 1 780 985), reinforcing the relevance of our procedure.
The second module of the TETOOLS pipeline (TEDIFF) is an R script (45) that performs a differential analysis of the read counts using DESeq2 (46) (Figure 1B) . TEDIFF requires only the list of counts computed by TECOUNT, a description of each sample (i.e. names and replicates) and a formula specifying the conditions under which to perform the differential analyses. Then, TEDIFF outputs a table of TE families (or any other variables specified in the rosette file) that are differentially expressed among the various conditions/strains. Our tool also uses a logarithmic transformation of read counts (using the Rlog function of DESeq2) to output various graphics on the quality of the analysis and the results (i.e. volcano plots and expression heatmaps) that are ready for interpretation ( Figure 1C-H) .
TETOOLS was first intended to study small RNA data. However, this tool can also be used to study any type of RNA-seq data, with the possibility of using bowtie2 (47) instead of bowtie for better mapping of mid-length or long reads and paired-end reads ( Figure 1A ). To use bowtie2 on paired-end reads, the user must specify the size of the insert and the mapper is set to its most sensitive option (-verysensitive).
To facilitate the use of TETOOLS and its adoption, the pipeline has been implemented as a Galaxy package (20) . All the modules of TETOOLS, which are distributed under the GNU General Public License version 3 (https://github. com/l-modolo/TEtools), can also be used with a command line interface.
Gene transcription reflects the geographical distribution of strains
Our dataset was generated from five wild-type strains of D. simulans. Four strains of natural origin (Chicharo, Makindu, Mayotte and Zimbabwe) were chosen because they were known to present variable proportions of some TEs, different levels of TE transcripts and different amounts of piRNAs (22,24,33,48,49) . We also included w501, which is the most represented strain in the 2007 D. simulans sequenced genome (37) .
Hierarchical clustering on the sample-to-sample distances from normalized gene counts (Figure 2 ) first clusters samples per replicate of the same strain and then groups them together with two strains from the ancestral area (Mayotte and Makindu) and strains from the derived area (w501 and Chicharo) (50) . This geographical pattern is reinforced by the significant correlation between the geographical distance (in km) and genetic distance calculated from the read counts (see 'Materials and Methods' section, Mantel test, r = 0.434, P-value = 0.016).
Globally, we found that 7416 genes out of a total of 16 169 genes were differentially expressed between the five strains. When we considered the geographical structure (derived versus ancestral areas), we found 3188 differentially expressed genes between the two groups. The top 20 differentially expressed genes belonged to biological categories such as antennal morphogenesis, DNA repair, epigenetic modifications and eye morphogenesis (Supplementary Table S1).
TE expression is variable across D. simulans wild-type strains
As previously mentioned, most of the analyses performed to date on TE and gene expression were performed on D. melanogaster strains. In this species, copies of TEs are mostly identical (15,51,52), which is not the case for most genomes and especially for other Drosophila genomes (15) . For instance, D. simulans harbors a majority of degraded and deleted copies (15, 48) . Thus, the use of the latter organism as a model requires access to all the TE sequence diversity data and hence to use TETOOLS. All figures and the complete tables produced by the TETOOLS pipeline are available as supplemental data (Supplementary Tables S2, 3 and 4; Supplementary File 1).
The PCA discriminates the different strains and the positions of the replicates are consistent in this system (Supplementary Figure S1) , indicating that we can globally discriminate between the five different strains based on TE variability. This finding supports previous observations using other experimental approaches concerning the variability in TE expression between natural strains on a global scale (22, 25, 53, 54) . According to the normalized read counts, we observe that the most highly expressed TE (sub)families are the same in all strains (Supplementary Table S2 ). These (sub)families correspond to the Long Terminal Repeat (LTR) retrotransposons Gypsy-28 DAn, and Gypsy-12 DVir and to the non-LTR retrotransposon Jockey3 DSim, which together represent more than 20% of the total TE reads for the different strains (20.48% in w501, 23.49% in Chicharo, 24.04% in Makindu, 25.03% in Mayotte and 23.88% in Zimbabwe).
Pairwise differential analyses allowed us to identify several significant TE (sub)families as differentially expressed (Figure 3 ). The numbers of these TE (sub)families are indicated in Figure 3A . For example, we can observe that many TE (sub)families are differentially expressed between Makindu and three other strains w501, Chicharo and Zimbabwe (62, 73 and 63 TE (sub)families, respectively). Conversely, only 23 TE (sub)families are differentially expressed between Makindu and Mayotte. In Figure 3B , the log2-fold changes for each differentially expressed TE family for these pairwise comparisons is represented. Clearly, the expression of some TE (sub)families is specific for a given strain compared to the other strains. For example, DM412 Dmel is always more highly expressed in Makindu than in the other strains. The same is true for BLASTOPIA Dmel in Chicharo and R1 DMo in Zimbabwe.
These data show that the TE transcript levels are significantly different between strains. However, the correlation between genetic distances calculated on TE read counts and geographic distances is weaker than when considering genes (Mantel test, r = 0.385, P-value = 0.036) (see Results previous section).
piRNA amounts are positively correlated to TE transcript amounts
To deepen our study of TE dynamics, we used piRNA sequencing data previously obtained for three of our wildtype strains (see (33) for Chicharo and Makindu) and we performed small RNA sequencing in one additional strain, Mayotte. These data were analyzed using TETOOLS and all figures and complete tables produced are available as supplemental data (Supplementary Tables S5, 6 and Supplementary File 2). Because the piRNA data were not produced with replicates, DESeq2 could not provide a statistical result on the differential expression analysis. We compared the expression of the piRNAs based on their normalized read counts and observed that the most targeted TEs by piRNAs were the same for all strains (Supplementary Table S7). These TEs correspond to the LTR retrotransposons MAX Dsi and Gypsy-13 DSim and to the non-LTR retrotransposons R1 Dsi and DMCR1A. The piRNAs of these four elements correspond to 18.54, 15.77 and 23.26% of all piRNA reads in Makindu, Chicharo and Mayotte, respectively ( Figure 4A) .
The pairwise comparison of the piRNA normalized read counts for each TE family is depicted on Figure 4B . This approach allows us to analyze the piRNA production of specific TEs that display differential mRNA expression levels across the three strains (i.e. the LTR retrotransposons DM412 Dmel, TirantC and BLASTOPIA Dmel as highlighted in Figure 4B ). In these cases, the log2-fold changes in the piRNAs corresponding to these elements are higher than 1.5 (output from TEDIFF). For example, in the comparison between Chicharo and Mayotte, the piRNAs targeting the TirantC element exhibit a log2-fold change of 1.84, with more piRNAs targeting TirantC in the Mayotte strain than in the Chicharo strain. The same is true for this element in the comparison between Chicharo and Makindu, which is in agreement with our experimental knowledge of this TE (33) .
The silencing of TEs depends on two distinct piRNA pathways that specifically trigger either somatic or germline-expressed TEs. Primary piRNAs are produced from genomic clusters and are implicated in the somatic regulation of TEs. Secondary piRNAs are either produced from TE transcripts that participate in the ping-pong amplification loop or are maternally transmitted from the mother to the embryo. One way to distinguish primary from secondary piRNAs is to identify the ping-pong signature. We estimated the proportion of piRNAs implicated in the ping-pong loop for 10 representative TEs with high piRNA production log fold changes (>|1|) (Supplementary Figure  S2) . We observe that a ping-pong signal is detectable for most of the considered TEs. Additionally, the ping-pong signature is dependent not only on the TEs but also on the strain. For example, no ping-pong signal is detectable in the Chicharo strain when considering the LTR retrotransposon TirantC as is expected from previous experimental work (33) . Moreover, a ping-pong signature for this element is detected for the Mayotte strain, which we previously described as having only somatic transcripts (49) . The TirantS, which is a structural variant specific to D. simulans that was previously described as non-transcribed (22, 55) , has a very weak ping-pong signature, which is expected for non-active TEs. DOC and Gypsy-13 Dsim present the highest proportion of piRNAs with ping-pong signatures, suggesting that these TEs are probably highly transcribed in the germ line.
One hypothesis to explain the variability in copy numbers between different natural strains links the expression of TEs to the amount of piRNAs (27) . Kelleher and Barbash tested this model in two strains of D. melanogaster. In the present study, using three strains of D. simulans, we found a significant positive correlation between TE read counts and piRNA read counts for each strain (Pearson correlation tests on log transformed read counts: Chicharo: r = 0.857, P-value < 2.10 −16 , Makindu, r = 0.866, P-value < 2.10
and Mayotte: r = 0.860, P-value < 2.10 −16 , Figure 4C ). This finding illustrates a general trend for which an increase in TE transcripts is associated with an increase in piRNA production. This result is expected because secondary piRNAs are implicated in the regulation due to the ping-pong amplification loop. Thus, we searched for ping-pong signatures in the most highly expressed elements. In Supplementary Figure S3 , we show that the signature is strong for most of the TEs that have the highest amount of total piRNAs. Moreover, this analysis also reveals TE families that have no associated piRNAs but have reads in the RNA-seq data (197 (sub)families in Chicharo, 186 in Makindu and 222 in Mayotte). This result could indicate that these TEs are absent from piRNA clusters in these specific strains.
TE expression is negatively correlated with piRNA pathway gene activity
The analysis of our dataset provides a demonstration of the huge natural variability in TE expression. Indeed, we find significant variation in the levels of TE transcripts between strains and this is correlated with the corresponding piRNA production levels. In a previous study, we showed that GIPPs also displayed high transcription and sequence variability (31) . Therefore, we sought to confirm the GIPP variability in the present dataset and explore its relationship with TE expression variability.
We focused on subsets of genes involved in the piRNA pathway and used other genes involved in the siRNA and immune pathways for comparison (see Supplementary Table S8 for the complete lists of genes). We find that the piRNA pathway genes are more frequently differentially expressed than other random sets of genes (piRNA pathway 19/19 versus total dataset 7416/16 169, P-value = 0, see 'Materials and Methods' section). Therefore, the analysis of the present dataset confirms the existence of high intraspecific variability for GIPPs.
Subsequently, we tested whether the variability in TE expression was related to GIPP activity estimated by the amount of transcripts. Based on the sum of the read counts for each category of sequences, we find a strong negative correlation between the activity of GIPPs and the global TE expression (Pearson correlation test, r = −0.93, P-value = 0.022, Figure 5 ). No significant correlations are found be- 
DISCUSSION
Advantages of TETOOLS
In this manuscript, we present a new analysis pipeline dedicated to the analysis of TE expression for both messenger and small RNAs. Contrary to previous approaches, this method places emphasis on the TE copies rather than on consensus sequences. This approach allows us to consider more reads and thus to reduce the loss of information because we take into account reads mapping at several positions on the genome and the individual copy variability. Moreover, this pipeline uses raw counts as proposed by Anders and Huber (16) , which is a less biased approach than other normalization methods used for RNA-seq data. The pipeline also allows the use of various types of mapper and expression analysis software. In the current version we use bowtie/bowtie2 and DESeq2, but the use of alternative programs is also possible.
TETOOLS relies on DESeq2 for the differential expression analysis, which works well when the differentially expressed sequences account for a small amount of the total number of reads. All other differential expression programs available to date behave the same way. DESeq2 first adjusts the geometric means of the read counts across samples. This approach is valid if the potential differences reflect differences in the sample sizes that are not biologically relevant. Therefore, our procedure is valuable for the majority of transcriptome studies in which a few TE families are differentially expressed. However, in very specific cases in which one sample could be expected to display higher expression levels of all TE families (and thus increased total numbers of TE reads), the DESeq2 approach will not be relevant because differences in the geometric means of the read counts will be expected to be biologically different. In such cases, we advise pooling the count files obtained for genes and TEs separately (we recommend using TECOUNT to obtain the read counts) and performing the differential expression analysis on the pooled count file. When we applied the latter procedure to the present data, the results were comparable to those obtained using TEDIFF on the TE reads alone (data not shown).
TE and gene expression exhibit strain differentiation but with specific dynamics
Gene transcription variation among species and populations has been previously described in D. melanogaster and D. simulans (56) (57) (58) . Our study on D. simulans wild-type strains shows that variation in gene transcription is important and is sufficient to separate strains from the ancestral area (50) from strains from the derived areas.
Our data also suggest that genes that are differentially expressed between the ancestral and derived areas belong to functional categories linked to antennal morphogenesis, DNA repair, epigenetic modifications and eye morphogenesis. Some of these genes could be associated with specific different environments and could be linked to local adaptations, but further experiments are necessary to link expression levels to phenotypic features.
Previous works on TE dynamics showed that D. simulans strains harbored different numbers of TEs and different TE activities, suggesting that strains could be well distinguished based on TE dynamics (22, 24, 53, 59 ). However, these previous studies were performed on a small scale. The present analysis allowed a genome-wide confirmation of these results. We find that the variability uncovered for TEs does not follow geographical patterns as strongly as genes. We propose that the regulation of TE expression evolves faster than the regulation of expression of the rest of the genome, thereby starting to erase more rapidly the geographical structures inherited from the worldwide colonization process. This faster evolution of TE expression regulation is consistent with the work by Song et al. (28) , which showed that piRNA cluster expression was more variable These data also raise the question of the interaction between TEs and gene expression. Several decades ago, McClintock (2) and Britten (60) proposed that TEs participated in gene regulatory networks and provided regulatory regions; this finding was recently confirmed (61) (62) (63) . More recently, TE insertions were shown to affect the chromatin structure of nearby genes via the spread of chromatin silencing marks (i.e. H3K9me3) that may affect gene expression (6, 33, 64) . Considering that TE expression evolves faster than protein-coding gene expression and that TEs can contribute to the modulation of gene expression through epigenetic processes, then TEs appear to be potential fundamental actors of genome expression diversification and thus adaptation (65) . Further studies are necessary to elucidate the interactions between TEs and gene expression in different genetic backgrounds in a genome-wide manner.
piRNA production is positively correlated with TE expression
Previous works on TE dynamics attempted to relate piRNA production to TE copy numbers (26, 28, 66) but found no significant correlation. A previous analysis of wild-type strains of D. simulans showed that TE copy numbers were not correlated with GIPP expression (31). Song et al. (28) found the same result for D. melanogaster inbred lines. Taking advantage of the present dataset, we tested whether piRNA production was related to TE expression instead of TE copy numbers. Indeed, only active (expressed) TE copies are the targets of piRNA inhibition. We find a significant positive correlation between piRNA production and TE expression. The most highly expressed TE families display the highest quantity of piRNAs and vice versa. This result is consistent with the work of Kelleher and Barbash (27) , which was performed on two strains of D. melanogaster. However, this result concerns only TE families controlled in the germline by secondary piRNAs.
GIPP activity can explain TE activity
We found a strong negative correlation between GIPP activity and TE expression. This result indicates that TE expression is higher in strains in which effectors of the piRNA pathway are weakly transcribed and vice versa. This is a characteristics of the genome of each given strain. We have also shown in this work a positive correlation between TE transcription and piRNA production. This result reflects a property of TE families. Thus, the two above mentioned correlations are not incompatible but deal with different levels of variability. TE global activity varies between strains, inversely to the activity of the piRNA pathway. In addition, within the genome of each strain, at the TE family level, the production of piRNAs is positively correlated to the transcription level of TEs ( Figure 6 ). This model can conciliate differences in copy numbers between strains that are not associated with piRNA pathway activity or piRNA production, since it considers the same evolutionary scale.
The negative correlation that we find between GIPP activity and TE expression fits perfectly with the Red Queen hypothesis (67): the pathogen/host relationship is embodied Figure 6 . Proposed model to integrate the inside genome regulation of TEs and the strain differences in the TE transcript amounts. Each strain has a specific activity of TEs that is negatively associated with the piRNA pathway efficiency. At a different level, inside each genome strain the activity of TEs is positively associated with the production of piRNAs.
by the 'pathogenic' TEs and the piRNA pathway which acts as a genomic defense against them. We previously explored this issue, using TE copy number data and this did not allow us to find any correlation between TEs and GIPP activity (31) . At that time, we proposed that the evolutionary time scales were not compatible because TE copy number includes recent as well as very ancient TE insertion events, whereas GIPP activity is highly dynamic on a short time scale. The transcriptomes that we analyzed here provide us with data from compatible evolutionary time scales and reveal a relationship between TEs and GIPPs. Therefore, TEs and GIPPs do appear to follow the same evolutionary dynamics and are involved in an antagonistic, rapidly evolving relationship. Natural variability in the GIPPs (31) may be envisioned as tightly linked to natural variability in TEs and their dynamics in natural strains (25, 49) . We believe this is a very strong result, which has to be considered in future evolutionary studies of TEs. We propose that this arms race may drive strain divergence and be implicated in the beginning of speciation.
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